Abstract
Introduction

22
Patterns of DNA variation are the result of both adaptive and non-adaptive processes, and the 23 debate about the relative importance of natural selection and random genetic drift in shaping 24 genetic diversity within and among species is still ongoing (e.g. Hahn 2008 ; Nei et al. 2010) . 25
A common approach to detect signals of selection aims at identifying genomic regions that 26 show marked deviations in DNA variation from a neutral equilibrium model (reviewed in 27 Nielsen 2005) . However, in certain demographic scenarios, such as population size changes or 28 population subdivision, random genetic drift can result in similar deviations as selection (e.g. Orang-utans, currently restricted to two distinct species on Borneo (Pongo pygmaeus) and 38 northern Sumatra (Pongo abelii) (Wich et al. 2008) , are the only Asian great apes and are 39 phylogenetically most distant to humans (Groves 2001 population history was strongly influenced by geological and climatic events: rising and 48 falling sea levels cyclically connected and isolated the islands of Sundaland, allowing for 49 potential terrestrial migration between the islands at certain points in time (Voris 2000) . 50
Major volcanic eruptions, mainly on Sumatra and Java, might have led to the extinction of 51 local orang-utan populations and subsequent re-colonisations (Muir et al. 2000) . Of special 52 interest here is the Toba volcano on northern Sumatra, which has seen at least four major 53 eruptions during the last 1.2 million years (Chesner et al. 1991) . This sequence of eruptions 54 culminated in the Toba supereruption ~73 ka, which is considered to be the most powerful 55 volcanic eruption within the last 25 million years (Chesner et al. 1991) and is thought to have 56 had severe consequences for flora and fauna on Sundaland (Williams et al. 2009 ). In the Late 57 the subset of simulations with the smallest Euclidian distance between observed and 120 simulated data, the posterior distribution of the model parameters can be approximated and 121 the relative fit of different demographic models to the data can be assessed. 122
Here we present an ABC modelling approach of the demographic history of orang-utans 123 based on autosomal and sex-linked marker systems. We aim to improve the current 124 knowledge of demographic history by applying three major improvements over previous 125 studies. First, we capitalize on the knowledge base of behavioural ecology and population 126 genetics of orang-utans in order to test realistic demographic models. Second, due to our 127 extensive set of orang-utan samples with detailed and reliable provenance, we are able to 128 investigate models incorporating population substructure in both orang-utan species, which 129 allows us to disentangle changes in population size from confounding effects due to changes 130 in population structure. Third, by combining autosomal and sex-linked markers into a 131 combined demographic analysis, we make use of the specific information content of different 132 marker systems in this species with its heavily sex-biased dispersal. 
Materials & Methods
138
Sample Collection and Genetic Markers 139
A representative sampling scheme covering the whole range of a species is crucial for 140 accurate reconstruction of demographic history (Stadler et al. 2009 ). We used an extensive set 141 of samples from wild-born orang-utans from ten sampling locations, covering the entire 142 distribution of the genus (Figure 1 , see Supporting Material for detailed information about 143 sample origin). Samples were analysed for several genetic marker systems with different 144 modes of inheritance and effective population sizes (Table 1) , thus ensuring representation of 145 both male and female population history, an important aspect in demographic reconstructions 146 in species with strongly sex-biased dispersal (Nater et al. 2011; Nietlisbach et al. 2012) . 147
The autosomal microsatellite data contained genotypes of 25 microsatellite markers from a 148 Table 2 . The primers and cycling conditions used for PCR 156 amplification and sequencing of the X-chromosomal and autosomal regions are described in 157 the Supporting Table S1 . 158
Approximate Bayesian Computation 159
Model Selection Procedure 160
We reconstructed the demographic history of orang-utans using an ABC approach 161 implemented in the software package ABCtoolbox v1.1 . To achieve 162 this goal, we first performed a model selection procedure, in which we used a hierarchical 163 approach to test a total of 12 different demographic models (Figure 2 ) with increasing levels 164 of complexity (see Supporting Tables S3 and S4 for more details about model  165 parameterisation and prior distributions). 166
We started by testing four relatively simple models that assumed a single population for each 167 of the two orang-utan species (Figure 2A ). The first model in this set (I2) assumed constant 168 population sizes and no migration between the two populations. The second model (IM2) 169 incorporated asymmetric migration after the population split, up to a point in the past where 170 migration between Borneo and Sumatra ceased. Gene flow in all models with migration was 171 strictly male-mediated, as recent genetic and behavioural findings showed extreme female 172 philopatric tendencies in orang-utans Nater et al. 2011; van Noordwijk et 173 al. 2012 ). The third model (IM2-GR) additionally allowed the two populations to change size 174 exponentially after the population split and corresponded largely to the favoured model in the 175 genomic study by Locke et al. (2011) . In the fourth and most complex 2-population model 176 (IM2-BN-GR), both populations retained a constant size after the population split, with the 177 possibility for a sudden population size rescale followed by exponential growth or decline. 178
In order to test more biologically relevant demographic scenarios, we designed a series of 10- to six populations on Borneo, one Sumatran population south of Lake Toba, and three 186
Sumatran populations north of Lake Toba (see validation for ten population units in 187
Supporting Figures S1 and S2 ). For all 10-population models, we assumed equal population 188 sizes and equal symmetric migration rates among all populations within Borneo and among 189 all populations north of Lake Toba, respectively, as well as a separate population size 190 parameter for the population south of Lake Toba. We included asymmetric migration rates 191 between Borneo and south of Lake Toba, and between north of Lake Toba and south of Lake 192 as for the observed data set (Supporting Table S5 ). The summary statistics were chosen in 223 order to capture the information in the genetic data about population differentiation, within 224 population diversity, and population size changes. To avoid problems with unreliable phasing, 225
we only used summary statistics that do not require phased sequence data for X-chromosomal 226 and autosomal loci. Since the number of simulated populations differed between the 2-227 populuation and 10-population models, summary statistic would not be directly comparable 228 between the two sets of models. Therefore, when running the 10-population models, we 229 applied a script that pooled the simulated data into a Bornean and a Sumatran group after each 230 simulation step. Summary statistics were then also calculated island-wise, in order to be able 231 to directly compare to the 2-population models. 232
We first performed an initial run of 2×10 6 simulations with the standard rejection sampler 233 (Tavare et al. 1997 ). These simulations were used for both model selection and validation. To 234 reduce the dimensionality of the summary statistics, we performed a principal component 235 analysis (PCA) with the "prcomp" function in R version 2.12.1 (R Development Core Team 236 2010). A 100,000 random simulations from each of the two compared models were pooled 237 and standardised, and these summary statistics were used to extract the loadings of the first 238 ten principal components. We then transformed both the simulated and the observed data and 239 used it to perform a multinomial logistic regression with the R package "abc" version 1.6. For 240 this, we used the 0.1% of the simulations with the smallest Euclidean distance between the 241 transformed summary statistics and the observed data. 242
In order to assess model fit, we also calculated the marginal densities and the probability of 243 the observed data under the general linear model (GLM) used for the post sampling regression 244 for each model with ABCtoolbox . For this, we again 245 transformed both the simulated summary statistics as well as the observed data with the 246 loadings for the first ten principal components. This time, PCA loadings were obtained for 247 each model separately by using 100,000 random simulations. The GLM was built from the 248 2,000 simulations closest to the observed data, and we assessed the goodness of fit of all 249 tested models to the observed data by calculating the p-value of the observed data under the 250 GLM (Supporting Table S6 
ABC Validation 277
The performance of ABC in model selection and parameter estimation in complex 278 demographic settings inevitably suffers from the loss of information when the observed and 279 simulated genetic data are reduced to a set of summary statistics (Robert et al. 2011 ). This 280 necessitates a careful validation of the employed ABC procedure in order to avoid biases in 281 the approximation of posterior probabilities of evaluated models and the estimation of model 282 parameters. Accordingly, we validated our model selection and parameter estimation 283 approach with four different procedures. The first three validation approaches made use of so 284 called pseudo-observed data sets (pods), whereby parameter combinations are randomly 285 drawn from the prior distributions and the corresponding summary statistics were simulated 286 under a given model. These sets of summary statistics were then treated as if it were real 287 observed data, but since the model and the corresponding parameter values that generated 288 these summary statistics were known, we could use the pods to validate both our model 289 selection and parameter estimation procedure. 290
In the first validation step, we investigated the model misclassification rate for each pair-wise 291 model comparison by generating 100 pods under each model with parameters randomly 292 drawn from the prior distributions. We then performed the same model selection procedure as 293 with the real observed data and counted the number of assignments to each model. We 294 derived the model misclassification rate by counting all assignments of pods to a model other 295 than the one generating it (Figure 2) . 296
Second, we assessed the accuracy of the parameter estimation, both in terms of different point 297 estimators (mode, average and median) and over the whole posterior distribution under 298 different tolerance levels (proportion of retained simulations). For this, we generated 1,000 299 pods under the best-fitting model (IM10-BNBO-DECSU) and performed the same parameter 300 estimation procedure on each pods as for the real data. The accuracy of the point estimators 301
was assessed using the average of the root mean squared errors (RMSE) over all 1,000 pods 302 (Supporting Table S7 ), while the root mean integrated squared error (Leuenberger & 303 Wegmann 2010) was used to assess accuracy over the whole posterior distribution 304 (Supporting Table S8 ). The results indicated that accuracy of the posterior distributions is 305 little affected by varying tolerance levels and that the mode of the distribution is the most 306 accurate point estimator for parameter estimation. 307
Third, to increase confidence in the parameter estimates of the best-fitting model, we checked 308 for biased posterior distributions by producing 1,000 pods under the best-fitting model with 309 parameter values drawn from the prior distributions. We used ABCtoolbox to calculate the 310 posterior quantiles of the true parameter values within the estimated posterior distributions for 311 each pods and used a Kolmogorov-Smirnov test for uniformity in R (Wegmann et al. 2009b) . 312
Significant deviation from uniformity after sequential Bonferroni correction (Rice 1989 ) 313 would indicate biased posterior distributions (Cook et al. 2006 ). The distribution of posterior 314 quantiles within which the true values of the pods fell did not significantly deviate from the 315 expectation of uniformity for most parameters (Supporting Figure S4) . In most cases where 316 the posterior quantiles were not distributed uniformly, data points were overrepresented in the 317 centre of the histogram, indicating that the posterior distributions were estimated too 318 conservatively. 319
In a last validation approach, we tested if the best-fitting model (IM10-BNBO-DECSU) and 320 the corresponding posterior distributions of the model parameters are able to reproduce the 321 summary statistics of the observed data. For this, we randomly sampled 10,000 parameter sets 322 from the inferred posterior distributions and used these to simulate genetic data under the 323 best-fitting model. We then carried out a PCA transformation of the simulated data and 324 plotted the first 16 principal components to check if the transformed observed data fell within 325 the distribution of the simulated data (Supporting Figure S5) . This was the case for all the first 326 16 principal components, suggesting that the best-fitting model and its inferred parameter 327 estimates are well able to explain the observed data. 328
Results
329
Model Selection 330
We tested 12 demographic models, evaluating the impact of multiple demographic processes 331 on the current genetic makeup of orang-utan populations (Figure 2 ). We first compared 332 simple models that treated Bornean and Sumatran orang-utans as single populations, but 333 differed in the opportunity for migration after the population split (IM2 vs. I2, Figure 2A ). We 334 found substantial support for the model allowing migration after the split (IM2, Bayes factor, 335
i.e. ratio of model posterior probabilities (BF) 5.18). However, this simple isolation with 336 migration model achieved only a very poor fit to the observed data, as shown by the 337 probability of the observed data under the general linear model used for parameter estimation 338 (GLM p-value) of 0.003, indicating that additional processes were involved in shaping the 339 gene pool of orang-utans. Of all four 2-population models tested, we observed a very strong 340 support for a model that allowed a sudden change in population size for both populations 341 followed by exponential growth (IM2-BN-GR vs. I2, IM2, IM2-GR, BF 36.79). Still, thismodel did not achieve a good fit to the observed data, as evidenced by a p-value of the 343 observed data under the GLM of only 0.017 (Supporting Table S6) . 344
The poor model fit of all tested 2-population models can be explained by the extensive 345 population substructure within the two orang-utan species ( Sumatran populations north and south of Lake Toba, the model fit was still poor (GLM p-359 value 0.019). In order to improve model fit, we first tested whether a population split 360 sequence following the species designation fits the data better than the pattern suggested by 361 mtDNA data (deepest split within Sumatran orang-utans north and south of Lake Toba). This 362 was strongly rejected by the observed data (IM10 vs. IM10-BOSU, BF 45.45, Figure 2B) . 363
We then further tested for recent population declines on Sumatra (IM10-DECSU vs. IM10, 364 BF 57.03), on Borneo (IM10-DECBO vs. IM10, BF 0.48) or on both islands (IM10-DECALL 365 vs. IM10-DECSU, BF 0.94, Figure 2C) . Incorporating a population decline on Sumatra 366 considerably improved the model fit (GLM p-value 0.553). 367
Next, we tested a model incorporating a bottleneck on Borneo together with a recent decline 368 on Sumatra (Figure 2D ), which revealed substantial support for a bottleneck on Borneo 369 (IM10-BNBO-DECSU vs. IM10-DECSU, BF 3.60). 370
Finally, we evaluated the statistical support for a bottleneck on Sumatra associated with the 371 Toba supereruption ( Figure 2E ). We found substantial support against a bottleneck on 372 Sumatra in general (IM10-BNBO-DECSU vs. IM10-BNBO-TOBA-DECSU, BF 3.29), andoverwhelming support against a severe bottleneck (less than 100 individuals per population) 374 (IM10-BNBO-DECSU vs. IM10-BNBO-RECOL-DECSU, BF 10,887.60). 375
After performing a series of hierarchical model selection steps, we were able to identify a 376 demographic model (IM10-BNBO-DECSU) capable of reproducing the observed patterns of 377 DNA variation in the two current orang-utan species. Therefore, this model is likely to 378 capture the biologically most relevant processes in the demographic history of orang-utans. 379
Parameter Estimation 380
We estimated the model parameters for the selected 10-population model (IM10-BNBO-381 DECSU, Figure 3 ) based on a total of 10 million simulations (Table 3, Figure 4 ). The 382 parameter estimates point to a current N e of ~970 diploid individuals in each of the six 383
Bornean populations. We found support for a bottleneck on Borneo starting ~135 ka and 384 ending ~82 ka, during which N e on Borneo was reduced from an ancestral N e of ~17,000 385 individuals to ~2,600 individuals. The bottleneck on Borneo was followed by population 386 recovery and substructuring, with a current total N e of all Bornean populations of ~6,150 387
individuals. 388
On Sumatra, the three populations north of Lake Toba suffered a decline ~24 ka from a N e of 389 ~10,500 to currently only ~960 individuals in each of the three populations, corresponding to 390 a total N e in the meta-population north of Lake Toba of ~38,300 and ~3,300 individuals 391 before and after the decline, respectively. We estimated that population structure north of 392 Lake Toba was established ~860 ka, with an ancestral effective population size of ~14,400 393 individuals. The population south of Lake Toba also went through a recent decline ~24 ka 394 from a N e of ~24,200 individuals in the ancestral population to currently only ~1,030 395 individuals. Thus, Sumatran orang-utan populations first expanded during the Middle 396
Pleistocene before experiencing an island-wide population crash in the Late Pleistocene or 397 Early Holocene. 398
We inferred the population split time between Borneo and south Toba as ~1.13 Ma, and 399 between north and south of Lake Toba as ~3.39 Ma. Gene flow between Borneo and Sumatra 400 appears to have ceased ~87 ka, but this parameter was associated with a broad posterior 401 distribution. We found no evidence for asymmetric migration rates between Borneo and south 402 of Lake Toba, and between south of Lake Toba and north of Lake Toba. The migration rates 403 between the two islands were comparable to the migration rates over the Toba caldera on 404 Sumatra, while migration rates among the populations on Borneo and among those north of 405 Toba, respectively, were estimated to be about a magnitude higher. 406 at least sporadically allow male orang-utans to cross the exposed Sunda shelf. However, given 459 the strict and long lasting separation of mtDNA lineages on both islands (Nater et al. 2011) , it 460 appears that the exposed shelf was not covered with forest able to sustain orang-utan 461 populations over prolonged periods. In fact, large parts of the Sunda shelf between Borneo 462 and Sumatra were covered with nutrient-poor sandy soils (Bird et al. 2005; Slik et al. 2011) . 463
Forests on such soil types are characterized by low growth and productivity (Paoli et al. 464 2010). These constraints might explain why orang-utan populations on both islands could not 465 expand onto the exposed shelf to an extent where population admixture and thus exchange of 466 mtDNA lineages was possible. 467
Glacial Cycles and Population Size Changes 468
Since we also tested models that incorporated sudden population size changes, we were able 469 to detect signals of a population bottleneck on Borneo. In contrast to Sumatra, the currently 470 Bornean orang-utans were organized at least temporarily as a single panmictic population 473 before ~80 ka. At ~140 ka, the ancient population on Borneo experienced a sudden drop in N e 474 from ~17,000 to ~2,500 individuals, which then recovered again to the current total N e of 475 ~6,000 for all Bornean orang-utans. Such a change in both N e as well as population structure Interestingly, a similar signal of a glacial refugium with subsequent population structuring, as 484 observed in Bornean orang-utans, has been found in western gorillas (Gorilla gorilla). By 485 using a demographic modelling approach comparable to our study, Thalmann et al. (2011) 486 found that the two subspecies of western gorillas (G. g. gorilla and G. g. diehli) diverged only 487 about ~18 ka, thus directly following the last glacial maximum (LGM) 19-26 ka (Clark et al. 488 2009). Furthermore, the ancient population of western gorillas exhibited a N e of just ~2,500 489 individuals as compared to 22,000 and 17,000 individuals in the two subspecies after the 490 population split. Therefore, it seems that western gorillas, similar to Bornean orang-utans, 491
were constrained to a relatively small refugial population during glacial periods from which 492 they subsequently expanded when the climate got warmer and wetter during interglacials. 493
Geological Processes and Population Size Changes 494
Linking bottleneck signals to specific environmental processes is difficult due to the large 495 confidence intervals associated with most parameter estimates. For instance, the 90%-highest 496 posterior interval for the estimate of the start of the bottleneck on Borneo (21-348 ka) also 497 overlaps with the Toba supereruption on northern Sumatra ~73 ka (Chesner et al. 1991 running the length of Sumatra acted as a barrier for the wet monsoon winds, causing high 527 precipitation along its western slopes (Whitten et al. 2000) . This mountain ridge effect in 528 combination with the close proximity to the sea during glacial periods, when sea levels were 529 low, might have allowed large areas of rainforest to persist on Sumatra during glacial periods 530 (Gathorne-Hardy et al. 2002) . Thus, Sumatran orang-utans were almost certainly not forced 531 into glacial refugia to the same extent as Borneans. 532
Anthropogenic Impacts on Orang-Utan Populations 533
While Sumatran orang-utans did not seem to go through glacial bottlenecks, we found 534 evidence for recent and drastic declines in population sizes north and south of Lake Toba. 535
These signals of population decline cannot be attributed to the large-scale human-induced 536 habitat degradation that started in the last century (Rijksen & Meijaard 1999 These results strongly suggest that special consideration needs to be given to demographic 573 factors when analysing adaptive evolutionary processes in great apes. Due to their strong 574 dependence on intact forest habitat, most great ape taxa were severely affected by the climate 575 shifts during glacial periods, which were accompanied by drastic changes in forest coverage 576 in the tropics (Flenley 1998 
